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Underwater image enhancement based on lightweight dense residual network

Zhou Lushan Zhao Lei Li Heng Liu Hui Zhang Guoyin

(Faculty of Information Engineering and Automation, Kunming University of Science and Technology, Kunming 650500, China)

Abstract: Deep convolutional neural networks are one of the main methods for underwater image enhancement, but their expensive
memory consumption and computational requirements hinder their deployment in practical applications. To this end, a lightweight dense
residual convolutional neural networks ( DRCNN) is proposed for underwater image enhancement. DRCNN uses depthwise separable
convolution to extract high-level features to reduce computational cost; promotes information interaction between different channels
through dense connection and residual learning, but also improves model representation; and fuses the input degraded image with the
intermediate feature map to preserve image global similarity while preventing model gradients from vanishing. The experimental results
demonstrate that DRCNN can significantly improve the quality of underwater images. When compared to the existing algorithm, DRCNN
parameters are reduced by 85% , PSNR and SSIM values are increased by 3% and 2% respectively, and test speed is improved by 3%.
DRCNN achieves better performance with fewer parameters, which is advantageous for real-time applications on low-resource devices.
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Table 1 Quantitative comparison of different
algorithms on test EUVP

Model PSNR SSIM UCIQE
WaterNet 23.412+4.012  0.785+0.074  0.373+0.053
UIEC?-Net 21.597+£3.650  0.784+0.087 0. 446x0. 035
UWCNN 19.346+3.198  0.701+0.097  0.365+0. 047
Shallow-UWnet ~ 26.762+2.978  0.810+0.066  0.398+0. 061
DRCNN 27.664+3.095  0.825+0.064  0.424+0.063
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Table 2 Comparison of different algorithms on

FLOPs, parameters and test time

Model FLOPs/G Parameters/K Testing per image/s
WaterNet 71.53 1 090. 668 0. 063
UIEC?-Net 26. 14 534.962 0.117
UWCNN 2.63 39.972 0. 068
Shallow-UWnet 21. 67 219. 456 0.029
DRCNN 3.14 32.430 0. 028

MR A BE RN S AR 7 T RER h, Bk iR %
HATROGEE T M PERE, 5K AREAR UCIQU {H A A HT,

*3 HBMIWHNESLER
Table 3 Quantitative comparison

for the ablation experiment

PSNR SSIM UCIQE
w/o'D SK®  10.961+2.21  0.448+0. 071 0. 505x0. 064
w/o DG 27.575£2.983  0.821+0.065  0.4140.066
w/0 Vgg loss  27.305+3.296 0. 823+0. 064 0. 406+0. 065
DRCNN  27.664x3.095 0.825+0.064  0.424+0. 063

1) w/o FR without; 2) SK & skip connection 475 ; 3) DC /&
dense connection 4i5 .,
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3 R Y Pt d ";.‘": 1
(d) VH B P 2 R A gt (e) A3T71%:

(a) Original images (b) Without skip (¢) Without (d) Without (¢) DRCNN
connection dense connection vgg loss
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Fig.4 Qualitative results of ablation experiments
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